ABSTRACT In recent years, cycling has become increasingly popular globally, which takes up little space and leads to nearly no environmental damage. Bicycles permit daily commuters to travel in an efficient manner through frequent traffic congestion. Mixed traffic conditions and a complex physical environment pose difficulties to a bicyclist's activities and safety, especially when the bicyclist is engaged in more risky cycling maneuvers. To gain a better understanding of the risks inherent in various cycling maneuvers and assist in road safety assessments, an efficient system for identifying cycling maneuvers is needed. This paper proposes a new set of definitions of cycling maneuvers specific to Chinese bicyclists. The cycling maneuvers were categorized into passing, avoiding, carriageway-occupied, sidewalk-occupied, and regular riding maneuvers. In addition, a convolutional neural network (CNN)-based method was developed to classify these five cycling maneuvers. Field data from a video survey in the urban area of Xi'an, China (998 records) was used to evaluate the performance of the proposed model. The data includes human-related features, road-related features, and traffic-related features (for example, the gender of the bicyclist, cycling speed, vehicle-bicycle separation, bicycle-sidewalk separation, the width of the bicycle path, and traffic volume). A promising CNN model was identified by optimizing the model configuration and adjusting the model parameters. Five prevailing methods including multi-Logit, artificial neural network, support vector machine, random forest, and gradient boosting decision tree, were selected to conduct comparison analysis with the proposed CNN model. It is found that the proposed CNN model exhibited superior performance in cycling maneuver classification task.
I. INTRODUCTION
Cycling safety remains as the main concern to daily bicyclists, due to bicycle's time-efficient benefit against traffic congestion and its weak protection. Risk reflects a combination of the probability of occurrence and the severity of the personal injury. Safety represents an operating mode of a system when the current and future risk is accepted in society [1] . Risks lead to levels of safety and safety reflects different risks [2] , which is the same for cycling activities. Many of factors affect cycling risk and cycling maneuver is an effective indicator of current state of risk. It is therefore meaningful to understand cycling safety with the help of cycling maneuver.
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Cycling safety represents a barrier to bicycle use due to the vulnerability of the bicyclist in urban transport systems [3] , [4] . A lesser degree of protection and fewer bicyclist-friendly facilities give rise to a relatively high travel risk for the bicyclist on road [5] . This leads to a bicyclists' high likelihood of injury in crashes or of fatal crashes. Related studies showed that bicyclists in New Zealand, Britain, and Norway were 11, 14, and five to six times, respectively, more likely to be killed or seriously injured in road incidents per kilometer traveled, than car drivers [6] , [7] . In the United States, bicyclists are 12 times more likely to suffer fatal traffic crashes than car occupants [8] . Bicycle deaths in Japan accounted for 12.8% of the total 4411 fatal traffic crashes in 2012 [9] . As shown in Figure 1 , a high number of bicycle trips resulted in many bicycle incidents and great property loss in China around the end of the 20 th century. However, priority was shifted from bicycles to motor vehicles by Chinese government in the first decade of 21 st century, which decreased bicycle usage. Therefore, effective countermeasures should be taken to ensure a safe cycling environment and to facilitate bicycle usage.
Many physical and traffic factors affect cycling safety, as cycling maneuvers are impacted by these factors. Cycling maneuvers are the common behaviors of bicyclists with longitudinal and lateral movements, when bicyclists intend to save time or keep themselves safe, actively or passively. They generally include passing, paired riding, and meeting, which vary from countries and regions. In the last decades, cycling maneuvers have drawn close attention from researchers and professionals examining the correlation of cycling maneuver and its influencing factors, as human maneuvers have been identified as a determinant of road safety [10] . It is showed that risky behaviors contribute to levels of safety perception [11] , [12] . Cycling maneuvers pose different risks to bicyclist and bicyclists remain in different levels of safety. Therefore, a feasible definition of cycling maneuvers is meaningful for understanding cycling risks and safety. Application of proper methods to classify maneuvers also enables an in-depth observation of maneuvers distribution, the interaction between various road users, and cycling safety assessment. This study aims to provide insights into cycling maneuvers and to propose new methods to improve cycling maneuver classification. In achieving the goal, this study will attempt to: 1) propose a more applicable maneuver definition specific to Chinese bicyclists, which can describe risky cycling scenarios that might be encountered by bicyclists; 2) gain a better understanding on the differences in speed distribution between cycling maneuvers; and 3) develop a better tool to classify the associated maneuvers of cycling individuals on roads based on the cycling environment information. The rest of the paper includes literature review of existing cycling maneuver research, detailed description of new maneuver definitions, an introduction of CNN, cycling data collection, model validation, result analysis, discussion, and related conclusion drawn from the results.
II. LITERATURE REVIEW
Existing research on cycling maneuvers has examined macroscopic travel behavior of bicyclists, mesoscopic risky cycling maneuvers, and microscopic bicycle flow modeling. Studies of macroscopic travel behavior of bicyclists commonly focus on what or how factors affect a bicyclist's trip decision, based on choice of commuting mode and cycling routes [13] . It is showed that individual factors [14] - [16] , physical environment [13] , [15] , [17] , [18] , and traffic conditions [13] , [14] all contributed to different trip decisions. However, these findings derived from macroscopic analysis cannot reveal the underlying relations between cycling behavior and cycling safety. Moreover, microscopic bicycle flow modeling work merely concerns rules of a bicyclist's spatial movement [19] , [20] , which omits the traffic characteristics of cycling activity. It is still insufficient to provide reference for the studies of cycling risks and safety.
Distinct from above-mentioned studies, mesoscopic studies of risky cycling maneuvers provide insight into the correlation of cycling maneuvers and various influencing factors. Therefore, concerns about identifying cycling maneuvers arise among researchers, as different maneuvers represent different levels of cycling risk or degrees of safety. Botma and Papendrecht [21] first proposed a model to predict the number of passing maneuvers, and further analysis of paired riding revealed the characteristics of speed and lateral clearance. The numbers of passing and meeting maneuvers were also used to determine the level of service (LOS) of bicycle paths and pedestrian-bicycle paths. Associated prediction functions for two cycling maneuvers were then developed based on the investigation of speed and volume data [22] . Allen et al. [23] introduced this methodology to the Federal Highway Administration, whereupon the Highway Capacity Manual (HCM 2000) [24] adopted Botma's method to assess bicycle LOS of bicycle paths. Khan and Raksuntorn [25] questioned the application of the HCM method in the U.S., which was developed for 2.4 meters wide and 3 meters wide paths in Netherlands. They divided cycling maneuvers into passing, meeting, and paired riding maneuvers, and statistical findings on the distribution of speed and lateral spacing for 3 meters wide bicycle paths in the U.S. were obtained. Hummer et al. [26] presented more detailed cycling maneuver definitions and categorized passing maneuvers into active passing, passive passing, and delayed passing. Prediction models for three kinds of passings and meetings were also developed, which were employed in the 2010 version of HCM [27] as a tool for the assessment of bicycle LOS.
In China, researchers have attempted to propose applicable approach to predicting and classifying cycling maneuvers. Li et al. [28] , [29] conducted research on categorizing passing events and established corresponding models to predict the numbers of three different kinds of passing events (free, adjacent, and delayed) for LOS evaluation on physically separated bicycle roadways in China. Zhao et al. [30] made improvements on Li's method by taking the delay effects of passing events and riders' overtaking motivation into account. Furthermore, passing maneuvers between electric bicycles and normal bicycles were analyzed under mixed traffic conditions [31] , and associated methods for cycling safety evaluations were also proposed for further practical application [32] .
Based on the review of cycling maneuver definitions and their modeling predictions, the gaps in current research are summarized as following:
(1) The current categories of cycling maneuvers cannot cover the most risky cycling scenarios, especially in the mixed and complex traffic conditions. It deserves an improvement or a more detailed maneuver classification. (2) Many factors such as traffic volume, width of bicycle lanes, separated way of bicycle lanes, and cycling speed, can affect a bicyclist's maneuvers. However, existing methodologies for maneuver prediction merely concerns bicycle volume, speed, acceleration, and length of road link. (3) The current prediction methods are all aggregate methods. This is a deterrent to the exhibition of spatial distribution of risky cycling maneuvers. It also fails to provide enough information for further safety evaluations of cycling behavior. To address these deficiencies, this paper presents new definitions of cycling maneuvers by dividing them into passing, avoiding, carriageway-occupied, sidewalk-occupied, and regular maneuvers. Since major bicycle lanes are unidirectional in China, meetings are not considered in this study. In addition, a dis-aggregate method is developed based on convolutional neural network (CNN) for the classification of five cycling maneuvers. Cycling data collected from the urban area of Xi'an, China, is used to validate the efficiency of the proposed method. The performance of the CNN-based method is then compared to the performance of other effective classification methods.
III. THEORETICAL FRAMEWORK
In this section, the modeling framework developed to identify cycling maneuvers in different cycling environment is described. There are two main components consisting of the modeling framework. The first component of the framework is to categorize basic cycling maneuvers into five types. The second component of the framework introduces the deep learning method used in the classification of different cycling maneuvers.
A. DEFINITION OF CYCLING MANEUVERS
Bicyclists tend to adjust their cycling maneuvers when cycling in various risky cycling scenarios. Clear and feasible definitions of cycling maneuvers can represent degrees of cycling risk or cycling safety. Therefore, a technique that clearly defines each cycling maneuver is an issue of great importance. In this study, we selected Xi'an, China, to conduct the case study. Unlike the United States, Japan, and European countries, China has more mixed traffic conditions and Chinese bicyclists are more likely to be affected by motor vehicles, electric bicycles, and pedestrians due to the lack of dedicated safe cycling environment. Therefore, cycling safety may need to be assessed differently in China than in other countries. Corresponding classification systems for cycling maneuvers should be proposed to better represent Chinese cycling scenarios. Efforts to develop new classification methods suited to Chinese bicyclists have been made from prior research [28] , [30] - [32] . However, the work still cannot fill the gaps produced by traffic conflicts.
Considering the above analysis, this paper categorizes cycling maneuvers in China into five types, including passing, avoiding, carriageway-occupied, sidewalk-occupied, and regular riding. The followings are detailed definitions of each cycling maneuver, of which Figure 2 shows a graphical description (two-lane path listed):
• Passing maneuver: According to the contributions from Hummer et al. [26] and Li et al. [28] , only adjacent VOLUME 7, 2019 passing and delayed passing are included in this study, considering that free passing has extremely low cycling risk. The passing maneuver in this paper refers to any overtaking activities when overtakers and overtakees are in adjacent lanes and limited lateral space enforces intended overtakers to wait for available opportunity to complete the intended overtaking maneuver.
• Avoiding maneuver: Any movements performed to prevent collisions with static barriers (e.g. on-street parking) and dynamic barriers (e.g. vehicles, pedestrians, and other bicyclists) can be counted as an avoiding maneuver.
Carriageway-occupied
• maneuver: When physical environment permits (e.g. pavement marking separating between vehicles and bicyclist), bicyclists are prone to temporarily cycle on the carriageway to escape from the heavy bicycle traffic. If the bicyclist get back to bicycle lanes again after a period of on-carriageway cycling, this should be included in carriageway-occupied maneuver. On the other hand, if the bicyclists keep cycling on carriageway for an extended time, which supposed to be an illegal riding, this will not be recorded as any maneuvers.
Sidewalk-occupied
• maneuver: When physical environment permits (e.g. no curbs and no separations between sidewalk and bicycle lanes), bicyclists prefer to cycle on the sidewalk for a short time to avoid motor traffic and bicycle flow or to ensure themselves a safe cycling. Like carriageway-occupied maneuver, an extended time spent riding on sidewalk will not be included in the analysis.
• Regular riding maneuver: The rest of cycling behaviors not included in the above four cycling maneuvers, such as free passing, are all regarded as regular riding maneuver.
It is worth mentioning that meeting maneuvers are not considered in this paper because there are only unidirectional bicycle lanes in China, whereas meetings are common in two-way separated cycle tracks [33] . This means that meeting violates the traffic rule, even though they truly exist in daily cycling trips. The above five cycling maneuvers can give an overall description of cycling scenarios in China, and can be further applied to cycling risk analysis, cycling safety assessment, and other related research.
B. CONVOLUTIONAL NEURAL NETWORK
In addition to the new categories of cycling maneuvers that have been proposed, it is necessary to develop a effective method to identify each maneuver in an accurate manner. Convolutional neural network (CNN) [34] is arguably the most popular deep learning architecture. This paper adopts the CNN as the tool for maneuver classification, which has been proved to be efficient in image classification [35] , object detection [36] , natural language processing [37] , and other prediction problems due to its distinguished convolution operators. The primary preferred standpoint of CNN compared to its antecedents is that it automatically detects the significant features without human supervision.
A CNN model typically consists of an input layer, convolution layers, pooling layers, fully connected layers, and an output layer. Generally, model training of CNN is conducted by feed-forward and back-forward calculations among these layers. Primary modules of the CNN mainly include convolution operators, pooling, activation function, and objective function, as shown by the following equations (1)- (4):
where Equation (1) represents the convolution operator, the input is a three-dimension tensor denoted as x l i,j,d l ∈ R H ×W ×D l , R represents the input set; y i,j,d indicates the output of a convolution operator; H, W, and D l are the first, the second, and the third dimension of the input, respectively; i × j × d l is the shape of convolution filters; l, f, b, and d are utilized to denote layer identification, weights, bias, and number of filters, respectively. Equation (2) is a max pooling function, where h × w denotes the pooling kernel size; y * i,j,d is the pooling result for specific input x l i,j,d l , which comes from the output of convolution layers. Equation (3) represents the rectified linear unit activation function, where x is the layer output; f (x) represents the function value of x. Equation (4) exhibits the objective function named cross entropy loss function. The number of samples for model training is denoted as N; C denotes the number of classification results in the output layer; and y i represent the prediction labels while y i is the ground truth labels; L is the loss value for N samples under a prediction process.
In view of CNN's distinct capability of information extraction and non-linear representation, it is applied as a classifier to identity the implicit relation between cycling features and cycling maneuvers. We use it as the baseline method for cycling maneuver classification in this research. Figure 3 illustrates the application of CNN on maneuver classification, based on the proposed new maneuver categories.
IV. EXPERIMENT
A. DATA This paper expands on the current knowledge regarding the cycling maneuvers classification and modeling using dis-aggregate data from the city of Xi'an in China. 
1) DATA COLLECTION
To validate the industrial performance of the CNN on identifying cycling maneuvers, a video survey was conducted in Xi'an, China. Xi'an reflects a wide range of demographic characteristics. It also has built cycling environment, representing one of the highest percentages of cycling population among cities in China. Seven bicycle paths with flat gradient and good pavement conditions were selected as observation locations. When the survey was conducted on Tuesday, March 28th, 2017, the weather was sunny and comfortable for cycling activities. In order to explore the distribution of commuting cycling maneuvers, the morning peak period (7:00 am to 9:00 am) and evening peak period (17:00 pm to 19:00 pm) were chosen as the survey time. Figure 4 shows the spatial locations of the cycling maneuver survey in Xi'an, China. In the data collection, path information including bicycle path separation (both left and right sides) and road types were recorded on the spot. The widths of bicycle paths were measured by an electric measurement wheel with a precision of 0.01m. Figure 5 shows a survey example on South Taibai road in Xi'an. Then, other information about bicycle flow and cycling maneuvers were extracted manually via a post-video investigation.
2) DATA PROCESSING
In the video survey, a total of 998 bicyclists were captured and their maneuver labels were manually determined at the study site. Each individual bicyclist was described with 12 features, including the gender of the bicyclist, cycling speed, vehicle-bicycle separation, bicycle-sidewalk separation, width of bicycle path, road type, whether vehicle exits or not, whether bus station exists or not, vehicle volume, bicycle volume, e-bicycle volume, and pedestrian volume. These features cover bicyclist-related factors, motorized vehicle-related factors, and road-related factors that have been showed to influence bicyclists' behaviors [38] . Figure 6 shows the total counts of five maneuvers that each bicyclist has been labeled. Table 1 and 2 below show part of data features and their statistics on different roads. Several definitions that help eliminate confusions are listed as below:
• Bicycle volume is the hourly count of bicycles passing through the observation section in one direction;
• Pedestrian volume is the hourly count of pedestrians in both directions; and
• Traffic volume is the single direction count of vehicles in all motor lanes.
3) CYCLING SPEED
Cycling speed has been shown to be one of the crucial elements that threat cycling safety [39] . Speed differences VOLUME 7, 2019 among different cycling maneuvers generate conflicts among bicyclists, which greatly increase the likelihood of bicycle crashes. Therefore, analysis of speed differences among different cycling maneuvers can aid us in understanding cycling risks and degrees of safety of different cycling maneuvers. A specific cycling maneuver has its speed preference, but there is no one-to-one correspondence between maneuver and speeds. Figure 7 illustrates the speed distribution of five cycling maneuvers. It shows that the highest cycling speed appears when a bicyclist intends to overtake others. Bicyclists demonstrate slow cycling behavior when they cycle on sidewalks. The sidewalk-occupied maneuver also has a lower cycling speed than the other four maneuvers. Sidewalk-occupied cycling and shared-path cycling both occur when bicyclists and pedestrians share the same space for traveling activities. However, this study demonstrates that the sidewalk-occupied cycling has a lower speed (around 8 km/h) than the shared-path cycling (18 km/h) [40] . Avoiding has lower cycling speed than regular riding, and it exhibits the speed reduction behavior when a bicyclist plans to escape from barriers. It is interesting that the carriageway-occupied maneuver shares approximately equal cycling speed with regular riding. For example, bicyclists prefer to keep regular cycling speed, although they are cycling on motor lanes. Based on the above analysis, passing may have the highest level of cycling risk while sidewalk-occupied has the lowest in terms of speed. A more holistic safety analysis of cycling speed and cycling maneuvering requires further validation through the proposed CNN model.
Electric bicycle (e-bicycle) flow occupies the greatest proportion of non-motorized traffics in China. It causes serious interference and safety threats due to its random and rapid movement on shared paths. Speed difference between e-bicycles and regular bicycles also causes serious conflicts [41] that threaten bicyclist's cycling activity. To better understand the impact of e-bicycles on bicycling, a bicycle/e-bicycle volume ratio is applied to represent the structure of non-motorized flow, and its correlation analysis with cycling speed is conducted. As shown in Figure 8 , speed distribution differences rise in different cycling flow structures for each cycling maneuver. Avoiding, sidewalkoccupied, and regular riding mostly happen when bicycle flow is less than e-bicycle flow. A speed decline appears for passing, carriageway-occupied, and sidewalk-occupied maneuvers if the bicycle/e-bicycle volume ratio increases from below 1 to above 1 while the speeds of avoiding and regular riding remain relatively constant. When the bicycle/ebicycle volume ratio is less than 1, bicyclists of avoiding maneuvers are prone to cycle with the speeds from 10 km/h to 15 km/h, faster than sidewalk-occupied bicyclists with cycling speeds below 10 km/h. Compared to the speeds of the other three maneuvers, the speeds of avoiding and regular riding show an intensive distribution around 15 km/h despite the varying bicycle/e-bicycle volume ratio between 0 and 3. Therefore, e-bicycles have less impact on the maneuvers of avoiding and regular riding, which demonstrates there existing a correlation between e-bicycle volume and the occurrence of the other three maneuvers(carriageoccupied maneuver, sidewalk-occupied maneuver,and passing maneuver).
B. MODEL DEVELOPMENT
A novel CNN model configuration, promising in cycling maneuver classification, is identified in this section.
The data collected from the survey cannot directly serve as the input for the proposed model due to its de-normalized structure. Further data processing is therefore required before training and testing the proposed CNN-based model. To make the collected data available for model training and testing, 12 input features were selected as the feature map of a bicyclist and listed in Table 3 . The feature map can be obtained after the data preparation. The following steps show the detailed data preparation process that was adopted in this study: • Step 1: Dummy processing of nominal features such as vehicle-bicycle separation, bicycle-sidewalk separation, and road type. The feature was encoded as 0 and 1 if it has two classes in all. Similarly, three-class feature variable was encoded as 0, 1, and 2. Then original 12*1 data records were converted into a 14*1 dataset.
• Step 2: Normalization method was adopted to transform the nominal and numerical features simultaneously, which removed the impact of feature dimension when training the CNN model. Then all the feature values were restrained in the range of (0, 1). After this step, a normalized 14*1 dataset was obtained.
• Step 3: Considering that the CNN input requires at least a two-dimension tensor, each data record from
Step 2 was reshaped into a 2*7 matrix acting as the model input. Following the data preparation, the dataset was divided into two parts: 85% for model training and the remaining 15% for testing. Considering the model input is a 2*7 matrix, an efficient model structure should be designed to avoid over-fitting problem. A trial and error method was applied to seek a superior model configuration for cycling maneuvers classification. Table 4 illustrates the detailed iteration process of CNN model configurations. The accuracy of the proposed CNN model is apparently sensitive to the number of convolution layers, convolution filter size, and the number of convolution filters. Meanwhile, relevant parameters to pooling layer does not have effective impacts on model performance. It is found that the number of convolution layers played a key role in improving classifying performance. Model performance can be improved with the increase of the number of convolution layers. However, the number superiority vanishes when the layer number exceeds three. Finally, the CNN3 model configuration with optimal performance was identified. It has an INPUT layer, three convolution layers C1, C2, and C3, a pooling (subsample) layer S4, and two fully connection layers F5 and OUTPUT, as shown in Figure 9 . The OUTPUT layer contains a softmax tool mapping the predicting probability value into cycling maneuver classes.
C. RESULT
To verify the effectiveness of the proposed CNN model, comparative analysis was conducted on the same training VOLUME 7, 2019 As an improved decision tree algorithm, GBDT is expected to be more promising than RF on maneuver classification. Except for the CNN method, the accuracy of other five methods are all below 80%. It is therefore demonstrated that the proposed CNN model is suitable for cycling maneuver classification.
V. DISCUSSION
The results indicate that the proposed CNN model has a promising capability to classify cycling maneuvers. The dissatisfactory performance of the multi-Logit method illustrates that a linear approach fails to reveal the latent relation between cycling maneuvers and various influencing factors. Nevertheless, the better prediction results of other five methods validate the effectiveness of non-linear methods on recognizing cycling maneuvers. It is also interesting that multi-Logit is slightly better than SVM that is considered as a typical machine learning method for regression and classification. Furthermore, CNN's superior prediction performance compared to ANN, SVM, RF, and GBDT, demonstrates the strong capability of deep learning method to represent the underlying impact of cycling environment imposes on the bicyclist.
In addition, these six methods discussed in this paper are dis-aggregate, meaning they are different from the existing maneuver classification methods proposed by other researchers. The existing methods were developed mostly based on probability theory and parametric regression. They predict cycling maneuvers in an aggregate way and only obtain the number of each maneuver under various bicycle volumes and cycling speed conditions, which cannot display the specific spatial distribution on road for each cycling maneuver. However, the cycling maneuver classification model proposed in this paper can identify individual cycling maneuvers under different cycling scenarios even in different traffic and physical conditions. This enhances the possibility of the proposed model for further application on real roads with the development of technologies in intelligent transportation systems.
VI. CONCLUSION AND FUTURE WORK
The contributions of this study regarding cycling maneuver mainly include: 1) More comprehensive maneuver definitions were presented to study risky cycling scenarios encountered by bicyclist, including passing, avoiding, carriagewayoccupied, sidewalk-occupied, and regular riding maneuvers; 2) The dataset adopted in this study for cycling maneuver modeling and analysis is related to bicyclists, static road facilities, and dynamic traffic conditions, including most crucial factors affecting bicyclists' cycling maneuver and decision-making; 3) Cycling speeds present differences between five cycling maneuvers, especially in different nonmotorized flows, based on the statistical analysis in this study; and 4) A CNN-based method was proposed to classify the above five cycling maneuvers. Unlike the existing aggregate and statistical approaches, this method is individual-based, is promising in prediction performance, and is self-improved with the increase of training dataset. With the rapid development of big data and deep learning technologies, it is possible to achieve cycling maneuver detection by applying the proposed method. Information of individual bicyclist, cycling built environment, and dynamic traffic can be obtained by using the techniques of object detection, image recognition, and video processing. The collected information serves as the model input. Then, the cycling maneuvers of individual bicyclist on the road can be identified. The outputs of the proposed CNN method are helpful in safety assessment and incident management related to bicyclists. For instance, traffic conflicts between vehicles and bicycles can be detected by predicting the distribution of carriageway-occupied maneuvers. Furthermore, the area with frequent sidewalk-occupied maneuvers can be improved to prevent crashes or conflicts between pedestrians and cyclists. As passing maneuver displays higher cycling risk (due to the highest cycling speed), taking proper countermeasures to reduce passing maneuvers may be important to improve cycling safety.
However, some limitations in this paper still need further research: risks for each cycling maneuver have not yet been sufficiently analyzed, and will need a systematic approach to fulfill the assessment. Efforts can be made to develop some CNN model structures to obtain more accurate predictions. ZHUANGZHUANG SHAO received the B.E. degree in transportation engineering from the Xi'an University of Architecture and Technology, Xi'an, China, in 2017. He is currently pursuing the master's degree in transportation planning and management with Beijing Jiaotong University, Beijing, China.
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